Purpose: The purpose of this work is to provide the surgeons an efficient tool for liver segmentation and visualization and help them by operation planning. Our semi-automatic approach is a fast way to segment liver from CT data and obtain its 3D reconstruction. The information, extracted by means of CT-data analysis can be used for precise estimation of such operational risks as vessel injuries, blood loss during the operation and lesion relapse as well as for instrument navigation within the surgical intervention. Methods: Our approach is a combination of fast and efficient segmentation techniques and minimal user interactions via target-oriented interface. Among the segmentation techniques region growing, histogram analysis and object selection rules are in use. Results: A set of 18 oncological patient datasets (2843 original CT-images with average dimensions 320×320 pixels) and reference segmentation from medical radiologists were used for the evaluation of algorithm performance. Three evaluation methods were applied for estimation of segmentation quality: average symmetric surface distance, Dice similarity coefficient as volume overlap measure and binary classification test. The mean average symmetric surface distance was 2.34 mm. The mean sensitivity and specificity were 0.95 and 0.98 respectively. Average volume overlap was 94%. Average processing time was 1.8 seconds per dataset (11.5 milliseconds per slice). Conclusions: All obtained results are comparable with best results of other works, excepting processing time, which was considerably reduced. This makes our algorithm usable in real time in clinical routine.
Introduction
Liver resection is a very common case of liver surgery. It is applied for transplantation or in case of various liver lesions. The necessity of such operations is well-known. A liver resection operation supposes a preliminary planning, during which the physicians are deciding, how the operation should be performed. Today the technology of x-ray computer tomography (CT) is commonly used. This technology is a great help for the liver surgeons, because they can imagine such parameters as form, location and size of liver, as well as tumours and vessels belonging to it. A segmentation of three-dimensional CT data allows a spatial reconstruction of liver surface. Such a reconstruction allows medical personal to imagine a liver of a patient with its geometry and inner structures much better than simple CT-slices. At can also be used for instrument registration by navigated surgical interventions.
Related works
Today a usual way to get a liver 3D reconstruction of high quality is a manual segmentation from a radiologist. The only problem is that the radiologist needs time to perform this work about 1 minute per slice [1] ; the whole liver segmentation can consequently take more than one hour. There are also some other aspects that make such a work quite expensive. The question of automatic or semiautomatic liver segmentation is still open [2] . There are plenty of segmentation techniques that are being offered to solve the existing problem. Some examples are given in publications [2] - [8] . A narrow-band thresholding algorithm is proposed in [3] . The algorithm produces 2.07 mm average surface distance and 89% volume overlap in time 18-22 minutes per dataset. The results were received from 30 normal and 17 abnormal patients. In [4] a fullyautomatic algorithm using morphological operations, region growing and histogram thresholding is proposed. Result, received on 3 patient datasets was 74-86% volume overlap. In [5] a region growing method is in use. Result of test on some CT-images is 2-3.5 seconds processing time per slice on 2.8 GHz processor. In [6] a fullyautomatic liver segmentation technique using combined methods is proposed. The method was tested on 40 contrast enhanced CT images and the results were 30 seconds processing time per image on 3.2 GHz processor and 94% Dice similarity coefficient. In [7] a fullyautomatic segmentation approach based on statistical information and adaptive thresholding is presented. The results obtained on 21 testing datasets are: Dice similarity coefficient 94.2%; false positive and negative rates 3.9% and 6.3% respectively; mean average surface distance (from segmentation to reference) 3.7 mm and average processing time 11.4 seconds per slice on a 3.4 GHz processor. In [8] a fully automatic liver segmentation technique based on random walker algorithm is presented. A dataset consisted of 22 patients (12 slices per scan). The results were: processing time 1.63 seconds per slice on 3.4 GHz processor, mean Dice similarity coefficient of 91.9%, mean average contour distance 4.6 mm. In the survey [2] a plenty of semi-automatic, as well as fully automatic methods are observed and the results are comparable to above mentioned techniques. The main disadvantage of all observed methods is a low speed, which does not allow using them in real time. Per dataset are about 15 minutes necessary. Therefore the possibility these approaches could be clinically used is rather low. In this work we present our approach, which offers the same precision as the existing methods, but can be used in real time. It is not fully automatic, some short initial as well as intermediate steps are necessary.
Materials and methods
A medical system was developed for realization of our method. The system provides a visualisation of 3 orthogonal slices: transversal, coronal and sagittal, as well as a 3D reconstruction of segmented structures. Liver CT scans are processed by semi-automatic algorithm in order to create a liver 3D model. The segmentation algorithm consists of several manual and automatic steps. All steps are controlled by the surgeon and can be repeated when necessary. A description of typical phases is given below. The number of needed user interactions can vary (on average 2-3). A short diagram with main algorithm steps is given on the Figure 1 . 
Seed point definition
First, a seed point on a healthy liver must be given by the user. This point can be given by touch screen or by mouse-click on any CT data projection. A seed point on a healthy liver tissue on its biggest extension provides best results.
Computing a grey-level histogram
In a small area of 40×40 mm about the seed point a 4096-level histogram is computed. The histogram function is defined as follows (1):
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where x, y are pixel coordinates; I -intensity value of pixel with coordinates (x, y) on CT slice; M is a Mask, the area of 40×40 mm about the seed point; m, n are slice width and height respectively.
The histogram is smoothed with average filter with the frame size 100.
Defining binarization thresholds
At first the histogram peak corresponding to the liver is found. The peak is defined as follows (2):
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Two binarization thresholds, upper and lower are chosen: lower threshold is located at 90% of maximal appearance value on the left and the upper threshold -at 60% of maximal appearance value on the right side of the peak (Figure 2 ). 
Defined thresholds are in use for the whole following segmentation with the given seed point. If the user gives more seed points, the thresholds are re-defined.
Binarization with fixed thresholds
Once the thresholds are calculated, all CT slices are binarized according (5).
where I(x, y) is a pixel density. During the next steps the regions not representing liver tissue are excluded.
Labelling regions with region growing
By the next step the whole image is clustered in separate regions. For this purpose the region growing procedure [9] is in use. This gives a possibility to observe all notconnected image areas as single components and analyse their morphology, location, etc.
Identifying regions by overlap, sorting of liver components
Image regions having a high absolute overlap with a special mask are chosen from each slice. Initial mask is a rectangle area of size 40×40 mm about the seed point. The overlap value is counted according (6): 
where Ω -overlap value, n -image width; m -image height, I M (x, y) -mask pixel density; x, y -pixel coordinates, I C -current object pixel density; the density can be either 0 or 1. Actually, Ω is a count of all non-null pixels of analysed region belonging to the mask (7):
where M -a set of mask non-null pixels, C -a set of object non-null pixels.
Resulting image is enhanced with dilation [10] and closing of holes, than it is used as a mask for the next image. The mask is processed with erosion operation. The procedure is repeated for all images in transversal direction (Figure 3 ). The number of chosen regions can vary from one (in up-direction or in both directions by possible additional segmentations) to three (in downdirection by first segmentation). The resulting segmented object may be only 2% bigger in comparison to a mask, the rest is cut-off. There are no such limitations for regions smaller as mask. Figure 3 . Liver "build-up"
Coarse artefact deleting
Big artefacts can be deleted if the user gives a clip point. This point defines a plain in transversal, coronal or sagittal direction. That part of segmented liver, which is not connected with the seed point of the first phase, is cutoff by the plane (Figure 4 ). The procedure is performed using 3D-region growing algorithm. It is one clip point on average needed (up to four clip points per segmentation). 
Evaluation technique
As evaluation criteria the following parameters were chosen: number of interactions N I (an interaction is a mouse-click or a double-click), time T -total time of segmentation, μ -average symmetric minimal surface distance (8) , Dice similarity coefficient C d (9) , specificity S p (10) and sensitivity S e (11) . These parameters are defined in the following equations: 2 ,
where S -all points belonging to the segmentation and R are all points belonging to the reference. where TP and FN -are numbers of true positive and false negative classifications.
These parameters are also widely used in other works.
Experiment
To evaluate our algorithm performance we have analyzed CT scans of 18 patients with 158 slices per dataset on average. The average slice dimensions were 320×320 pixels. All patients had oncological liver diseases. The datasets were obtained with a roentgen-contrast agent. For each dataset we have reference segmentation from radiologists. This reference was taken as a ground truth in our experiment. As a computation unit for all experiments we have used a Pace Blade Tablet PC with Intel Pentium 1.5 GHz Processor and 1 GB RAM. All the algorithms were implemented using C++ programming language and Visual Studio 2003 as developing environment. Our liver segmentation method is a part of the software platform "MiMed Liver" [11] .
Results
The experimental results are shown in the Table 1 . In the table: "Scan" is a number of patient dataset; N I is an interaction number for complete liver segmentation; T is a total processing time in seconds; μ is an average symmetric surface difference in millimetres; C d is a Dice similarity coefficient; S p is a specificity and S e is a sensitivity. Average time, required for one slice processing was 11.5 milliseconds. The interaction time (in case of more than 1 interaction) was not taken into consideration.
The coarse artefact deleting has certainly a big influence on the segmentation accuracy. In oversegmentation cases some areas of non-liver tissue can surely affect a segmentation result making it considerably worse.
We have compared our algorithm with some state of the art methods. The results of the comparison are shown in the Table 2. In the Table 2 : "Scans" is a number of patient datasets, on which the respective algorithm was tested; T D is a processing time of one dataset (scan) in seconds; T I is a processing time of a single image (slice) in seconds; μ is an average symmetric surface distance in millimetres and C d is a Dice similarity coefficient. 
Conclusion
The aim of this work was to create a fast and efficient liver segmentation method, which could be used in clinical routine. The presented experiment has shown that its precision meets the accuracy level of best modern automatic and semi-automatic techniques. At the same time it is fast and easy to use due to rapid segmentation algorithms and a very simple user interface [11] . It assumes a fusion of computer technique and surgeon without technical skills, what makes him more flexible during surgical planning and more independent from radiologists. The developed approach allows interactive communication of a surgeon with the system, what makes it along with a source of additional information to a helpful instrument for more efficient surgical intervention planning.
Discussion
The presented method is a combination of simple techniques, most of which are well-known. However, the procedure of object selection with intersection, as well as the limits for object area increment has certain originality. The point of this work was to make image segmentation techniques usable in clinical routine. There are a lot of more complex methods in the state of the art [12] , but they can not offer some considerably higher segmentation accuracy being quite slowly. We haven't found any medical systems based on these techniques, which could be usable within a surgical intervention. The presented method is a part of a real medical planning system [11] , which also includes a tumour and vessel segmentation. It can be used in the clinical routine because it is simple, fast and reliable, there are no heuristic procedures inside, and all really responsible steps are undertaken by user. Despite the approved performance of created method for liver segmentation, it can be a usable segmentation tool for many other 3D image analysis tasks.
